Abstract: Protein phosphorylation is the most ubiquitous post-translational modification (PTM), and plays important roles in most of biological processes. Identification of site-specific phosphorylated substrates is fundamental for understanding the molecular mechanisms of phosphorylation. Besides experimental approaches, prediction of potential candidates with computational methods has also attracted great attention for its convenience, fast-speed and low-cost. In this review, we present a comprehensive but brief summarization of computational resources of protein phosphorylation, including phosphorylation databases, prediction of non-specific or organism-specific phosphorylation sites, prediction of kinase-specific phosphorylation sites or phospho-binding motifs, and other tools. The latest compendium of computational resources for protein phosphorylation is available at: http://gps.biocuckoo.org/links.php
INTRODUCTION
Many studies have indicated that various computational predictors developed in biology and biomedicine, such as those for predicting HIV cleavage sites in proteins [1] [2] [3] , signal peptides [4] , protein subcellular location sites [5] [6] [7] , drug-target interaction [8] , proteases and their types [9] , membrane proteins and their types [10] , enzyme functional class [11] , enzyme specificity [12] , GPCRs and their types [13] , protein quaternary structural attributes [14, 15] , protein folding rate [16] , as well as a series of user-friendly webservers summarized in the Table 3 of [17] , can generate many useful data for which it would be time-consuming and costly to obtain by experiments alone. Actually, these data, combined with the information derived from the structural bioinformatics tools (see, e.g., [18] [19] [20] ), can timely provide very useful insights for both basic research and drug development. This review is to summarize the progresses in developing phosphorylation databases and computational tools for predicting phosphorylation sites and other related features.
Phosphorylation is the most essential post-translational modification (PTM) of proteins, modulates proteins' conformation, stability, trafficking, interaction, and orchestrates cellular dynamics and plasticity. Biochemically, the catalytic domain of a protein kinase (PK) hydrolyzes adenosine triphosphates (ATPs) and transfers a phosphate moiety to the *Address correspondence to these authors at the Department of Systems Biology, College of Life Science and Technology, Huazhong University of Science and Technology, Wuhan, Hubei 430074, China; Tel:/Fax: 86-27-87793172; E-mail: xueyu@mail.hust.edu.cn; and College of Life Sciences, Sun Yat-sen University (SYSU), Guangzhou, Guangdong 510275, China; Tel:/Fax: 86-20-84114597; E-mail: renjian.sysu@gmail.com acceptor residue (serine, threonine or tyrosine in eukaryotes) in the substrate. It was estimated that there are >500 and >1000 PK genes encoded in mammalian [21, 22] and plant [23] genomes. To ensure signaling fidelity, each PK only specifically modifies a defined subset of substrates, while aberrances of PK functions often result in a variety of diseases and cancers. It was widely adopted that specific linear motifs around phosphorylation sites (p-sites) provide primary and major specificities for PK recognition [24] [25] [26] [27] [28] [29] [30] [31] [32] [33] [34] . However, numerous other mechanisms have also been proposed to contribute additional specificities for PKs modification in vivo, such as subcellular co-localization of PKs with their substrates, co-expression, co-complex, or physical interaction (collectively called as "context") [35] [36] [37] [38] [39] . Importantly, identification of new phosphorylated substrates with PK-specific p-sites is fundamental for understanding the molecular mechanisms of phosphorylation. Although experimental researches have contributed great efforts to accumulate a large number of phosphorylated substrates with their sites, recently computational study of protein phosphorylation has also emerged as a popular approach, and provided useful information for further experimental verification. In this review, we briefly summarize more than 50 public databases and predictors of protein phosphorylation for experimental and computational researchers. We apologize that the computational studies without publicly available web links are not introduced. The softwares which detect potential p-sites from mass spectrometry data were also not included, since they were developed for special usages. For more detailed information on algorithms, model construction, and mechanisms of phosphorylation specificity, we recommend several excellent reviews [18, 22, 26-28, 30-34, 38, 39] .
PHOSPHORYLATION DATABASES
In Table 1 [48] ( Table 1) . The LymPHOS database contains 342 MS-based p-sites for primary human T cells [49] , while the PhosphoGRID collected 6,440 experimentally verified in vivo p-sites in S. cerevisiae [50] .
Interestingly, studying phosphorylation in plants has also been paid much attention. The PhosPhAt 3.0 collected 12,457 MS-generated phosphopeptides in A. thaliana [51, 52] (Table 1) . Later, Gao et al. developed a more comprehensive database of P 3 DB 1.1, with 14,670 p-sites in 6,382 plant proteins [53] (Table 1) . Recently, ProMEX contains 4,226 M MS-derived p-sites for A. thaliana, C. reinhardii, M. truncatula, and S. meliloti, etc. [54] , while PlantsP collected ~300 MS-based p-sites for Arabidopsis thaliana plasma membrane proteins [55] .
The Swiss-Prot knowledge base also contains experimental and predicted information for protein modifications, including phosphorylation [56] (Table 1) . By integrating Swiss-Prot information and other databases, dbPTM 2.0 contained PTMs information of proteins, including 22,363 known p-sites [57] (Table 1) . With a similar method, PhosphoPOINT database was released with 15,738 p-sites in 4,195 human substrates [58] (Table 1) . Also, the proteinprotein information was integrated into PhosphoPOINT for PKs with their targets [58] . Systematic reconstruction of protein phosphorylation network was a great breakthrough in the field of computational phosphorylation [36, 37] . With motif-based predictors together with context information, Linding et al. developed a NetworKIN database and successfully discovered a highly potential phosphorylation network in H. sapiens [36, 37] (Table 1) . Importantly, it's widely adopted that proteins 3D structure determine their functions. In this regard, Phospho3D mapped Phospho.ELM data to PDB and obtained 3D structures of p-sites [59] [62] .
PREDICTION OF NON-SPECIFIC OR ORGANISM-SPECIFIC PHOSPHORYLATION SITES
Accurate prediction of p-sites in given proteins is a major challenge in the field of computational phosphorylation. P-sites predictions could be classified into three categories, including non-specific, organism-specific and kinase-specific mode. To predict non-specific or general phosphorylation sites, Blom et al. prepared a training data set, including 584 phosphorylated serine sites (pS), 108 phosphorylated threonines (pT) and 210 phosphorylated tyrosines (pY) [63] . Then they developed the first online predictor of NetPhos in 1999 (current version is 2.0), with an artificial neural network (ANN) algorithm [63] (Table 2) . Later, Mackey et al. adopted the simple pattern recognition (SPR) method and constructed CRP to carry out an in silico proteolytic cleavage of the protein sequence for prediction potential non-specific psites [64, 65] (Table 2) . Moreover, PHOSIDA used the Support Vector Machines (SVMs) method to predict nonspecific p-sites, with a training data including 4,731 pS, 664 pT and 107 pY sites [46] (Table 2) .
To improve the prediction accuracy, phosphorylation sites predictors could be designed in an organism-specific manner, since different species might have distinct patterns in substrates for PKs modification. In 2004, Iakoucheva et al. designed a non-specific predictor of DISPHOS, which was implemented in a position-specific scoring matrix (PSS-M) strategy and protein disorder information (DI) [66] . The latest version of DISPHOS 1.3 was re-trained with 1,079 experimentally verified pS, 666 pT, and 375 pY sites, and supported species-specific p-sites prediction ( Table 2) . Both of the two tools were implemented in ANN algorithms. With a training data set including 802 pS, 1,818pT and 676pY sites in Arabidopsis, PhosPhAt 3.0 was implemented in the SVMs algorithm as the first Arabidopsis-specific predictor [51, 52] ( Table 2) .
The input and output of predictors are greatly useful for experimental researchers. Users usually regarded the complicated computational algorithms as "black boxes". However, with a simple but straightforward user interface (UI), experimentalists can easily input their data, click on the "submit" button, and obtained the prediction results. Previously, we collected 32 PTM sites prediction tools and proposed some general rules for a unified UI [69] . The rationale posttranslational modification site prediction user interface (PTMP-UI) is presented below: Most of predictors for PTMs followed this basic rationale, while some of them also provided auxiliary features [69] . In this work, we tested the UIs of all online available tools. The detailed results were shown in Table 2 .
PREDICTION OF KINASE-SPECIFIC PHOSPHORY-LATION SITES OR PHOSPHO-BINDING MOTIFS
Currently, prediction of kinase-specific p-sites has emerged to be more useful for experimental researchers, since there are too many PKs in eukaryotes and each PK might recognize a distinct pattern for modification. As the demand for carrying out large-scale predictions and discovering potential phosphorylation networks evolves, accurate and robust prediction of kinase-specific p-sites has become necessary and challenging [36, 37] .
The methods of kinase-specific predictions could be classified into two categories: simple motif-based or complex algorithm-based. A phosphorylation motif could be represented with a pattern or a regular expression. Thus, the simple motif-based or simple pattern recognition (SPR) approach is straightforward and convenient: match or not [70, 71] . The PROSITE is the first integrated database to collect protein patterns, while its associated tool of ScanProsite could be used to search simple motifs, also including 3 kinase-specific phosphorylation motifs [70, 71] (Table 3) . With a similar approach, Puntervoll et al. developed a comprehensive resource of ELM to scan potential functional linear motifs in proteins [72] (Table 3) . Also, the context information was added to improve the prediction accuracy [72] ( Table 3) . Also, based on the SPR strategy, PREDIKIN 1.0 was established to predict kinase-specific p-sites [76] .
Although motif-based approaches were widely used, prediction of kinase-specific sites with complex algorithms was also popular for its higher accuracy. And the threshold values could be set in a more flexible manner. For example, the Predikin & PredikinDB 2.0 were implemented in a PSSM approach (Table 3 ) [77, 78] . In 2004, the Scansite 2.0 was implemented in the PSSM algorithm to predict ~27 PKspecific p-sites and several phospho-binding motifs [79] ( Table 3) . Also, Blom et al. used an ANN algorithm and desig-ned NetPhosK 1.0, which could predict kinase-specific p-sites for ~17 PKs [27] (Table 3) . Furthermore, the PredPhospho 1.0 was implemented in SVMs algorithm to predict for 4 PK groups and 4 PK families [80] (Table 3) . And its enhanced version of PredPhospho 2.0 could predict for 7 PK groups and 18 PK families ( Table 3 ) [61] . We also contributed great efforts on kinase-specific predictions. In 2004, we developed GPS 1.0 & 1.10 (Group-based Phosphorylation Scoring) algorithm with two hypotheses [81, 82] (Table 3) . First, we hypothesized that similar peptides might bear similar biological properties. Also, we assumed that one PK could recognize more than one motif/pattern in substrates [81, 82] . GPS 1.10 could predict kinase-specific phosphorylation sites for 71 PK groups, including 216 unique PKs [81, 82] (Table 3) . Recently, we greatly improved the GPS algorithm and released GPS 2.0 (Group-based Prediction System) software, which could predict for 408 PKs in human [83] (Table 3) . We also used the Bayesian Decision Theory (BDT) method to develop PPSP 1.0 [84] (Table 3) . And the prediction power of PPSP 1.0 was comparable with our GPS 1.10 [84] . Other researchers also constructed several predictors, including KinasePhos 1.0 (implemented in Hidden Markov Model, HMM) [85] , KinasePhos 2.0 (SVMs) [86] , PhoScan (Log-odds ratio, LOR) [87] , pkaPS (Simplified kinase-substrate binding model, KSB) [88] , CRPhos (Conditional random fields, CRF) [89] , AutoMotif (SVMs) [90, 91] , and PostMod (Sequence patterns and evolutionary information) [92] , etc. (Table 3) . Based on the results of oriented peptide array libraries, SAMLI was constructed to predict SH2-binding peptides (usually phospho-peptides) in proteins [93, 94] (Table 3) . Furthermore, multiple complex algorithms could be combined together to improve the prediction power. For example, a recent software of MetaPred-PS, designed a weighted voting (WV) meta-predicting approach to integrate the prediction results from other programs [95] (Table 3) . Finally, simple motif-based methods could also be combined with complex algorithm-based strategies. For example, NetPhorest used the PSSMs, known patterns and machine-learning algorithms (e.g., ANN) together to predict kinase-specific phosphorylation sites or phospho-binding motifs [96] (Table 3) . Again, the input and output formats of these predictors were carefully evaluated ( Table 3) .
In this work, we critically evaluated and compared the prediction performances of different PK-specific predictors, including our GPS 2.0 [83] [87] and NetPhorest [96] . Usually, the prediction performances could be evaluated by self-consistency validation, leave-one-out validation and n-fold cross-validation [83] . Since the leave-one-out validations and n-fold cross-validations for other tools were not available, we focused on the comparison of the self-consistency performances. From Phospho.ELM 6.0 database, we prepared a testing data set for 4 well-studied PKs, including experimentally verified p-sites for PKA, ATM, CDC2, and Src. As previously described [81] [82] [83] [84] , we took the experimentally verified phosphorylation sites as the positive data (+), while all other residues (S/T or Y) in the same substrates were regarded as the negative data (-).The data statistics were shown in Table 4 (also available at: http://gps.biocuckoo.org/links.php).
Among the data with positive hits by a predictor, the real positives are defined as true positives (TP), while the others are defined as false positives (FP). Among the data with negative predictions by the predictor, the real positives are defined as false negatives (FN), while the others are defined as true negatives (TN). Then four standard performance measurements of accuracy (Ac), sensitivity (Sn), specificity (Sp) and Mathew correlation coefficient (MCC) were defined as below [81] [82] [83] [84] : For GPS 2.0 [83] , the AGC/PKA, Atypical/PIKK/ATM, CMGC/CDK/CDC2/CDC2 and TK/Src/Src were selected for PK-specific p-sites prediction. For ScanSite 2.0 [79] , the "Protein kinase A", "ATM kinase", "Cdc2 kinase" and "Src kinase" were chosen. For KinasePhos 1.0 [85] , the "cAMPdependent protein kinase (PKA)", "Ataxia telangiectasia mutated kinase (ATM)", Cyclin-dependent kinase (CDK) and "Tyrosine kinase Src" were selected. For kinasePhos 2.0 [86] , the "cAMP-dependent protein kinase(PKA)", "Ataxia telangiectasia mutated(ATM)", "Cell division cycle protein kinase(CDC2)" and "Tyrosine kinase Src(Src)" were chosen. For NetPhosK 1.0 [27] , the PKA, ATM, Cdc2, and Src were selected. For pkaPS [88] , only PKA was used. For PPSP 1.0 [84] , the PKA, ATM, CDKs, and SRC were adopted. For PhoScan [87] , the PKA, ATM_ATR_group and CDK were used. Finally, for NetPhorest [96] , the PKA_group, ATM_ATR_group, CDK1 and Src_group were chosen. Both the positive and negative data sets were submitted on these online services directly. Then the Ac, Sn, Sp and MCC values were calculated for each predictor. Due to the page limitation, the results of Sn and Sp were not shown in Table 5 . And the full performances are available in Table S1 in Supplemental Data. For comparison, we fixed the Sp value of GPS 2.0 to be nearly equal with other tools and compared the Sn values (Table 5) . Generally, GPS 2.0 exhibits better performances than other softwares ( Table 5 ). In our previous , Including Scansite, KinasePhos 1.0 & 2.0, NetPhosK 1.0, pkaPS, PPSP 1.0 work [83] , we observed when an extremely high Sp value was chosen, a predictor will only generate a few number of positive hits. In GPS 2.0, we improved the algorithm to enhance the prediction performances around Sp of 90% [83] . In this regard, when an extremely high Sp value was selected, e.g., Sp >99%, the GPS 2.0 was not better than other tools, including ScanSite 2.0 (PKA, CDC2, and Src), KinasePhos 2.0 (CDC2), PPSP 1.0 (PKA, ATM, and Src), and PhoScan (PKA and CDC2) ( Table 5 ). The KinasePhos 1.0 with the Sn and Sp of 48.46% and 97.99% was also better than GPS 2.0 (Sn & Sp of 46.92% &98.00%) ( Table 5) . However, the prediction performances of different predictors could still be comparative.
Additionally, we used the GPS 2.0 as a typical tool to compare the simple motif-based and complex algorithmbased approaches, with the same testing data set. The experimentally verified p-sites motifs for PKA, ATM, CDC2 and Src were taken from PhosphoMotif Finder website [75] . The prediction performances for several typical p-sites motifs were shown in Table 6 . More detailed information was shown in Table S2 in Supplemental Data. Obviously, the GPS 2.0 generated better performances, when the Sp value was not greatly high (Sp < 99%) ( Table 6 ).
MISCELLANEOUS TOOLS
Besides phosphorylation databases and prediction of psites, there were several other related researches. Recently, discovery of informative phosphorylation motifs from largescale phosphoproteomic data attracted much attention. Schwartz et al. developed a novel software of Motif-X with an iterative statistical algorithm, to discover potentially informative p-sites motifs from high-throughput MS-derived phosphoproteomic data [97] (Table 7) . Then they developed an associated tool of Scan-X, which used phosphorylation motifs detected from Motif-X to scan potential p-sites in proteins [98] (Table 7) . Also, Ritz et al. construct a similar tool of MoDL for discovery of p-sites motifs, with a Motif Description Length (MoDL) algorithm [99] (Table 7) . Interestingly, Wang et al. modified the classical BLAST algorithm to design the PhosphoBlast, which could detect potential p-sites by sequence similarity [100] (Table 7) . Literature mining of phosphorylation information is useful for data integration and collection. However, there was only one related software of RLIMS-P reported [101, 102] (Table 7) . For other tools, Lachmann et al. developed KEA (kinase enrichment analysis) to elucidate kinases-substrates relationship [103] (Table 7) . Finally, we also developed DOG 1.0, which could visualize protein functional domain and modification sites in a user-defined manner [104] (Table 7) . 
DISCUSSION
In this review, we briefly summarize the current progress of most aspects of computational resources for protein phosphorylation. The computational studies without web links were not introduced, because it's not convenient to be used by experimental researchers. Totally, there are 16 phosphorylation databases and 36 computational programs listed. The web links and references for these resources are available in Table S3 in Supplemental Data. We believe that more and more related studies will be carried out, and more and more databases and softwares will be constructed and released in the near future. For further computational studies, we give several personal perspectives on the computational phosphorylation:
(1) Integration of experimentally verified phosphorylation information. As we described above, there were more than ten phosphorylation databases constructed (Table 1) . However, no one contains the full data set. And the data qualities are heterogeneous in different databases. In this regard, we expected that some efforts should be carried out to integrate phosphorylation information from different resources, with careful curation.
(2) Standardization of the input and output format. Currently, the input and output formats of existed databases and predictors are still not unified, which might be difficult for users. For example, Phospho.ELM database allows the protein/gene name, public database accession, or primary protein sequences as input [24, 29, 40, 41] , while only protein/gene names are permitted in PhosphoSitePlus [42] . A unified input and output rationale should be established for users. And most of predictors have already followed a unified user interface (PTMP-UI) [69] . In addition, we suggest that the data storage in phosphorylation databases could also be organized in a unified format, which might be useful for data sharing, distribution and integration.
(3) Improvement of existed approaches and development of novel methods. Although several simple motif-based or complex algorithm-based algorithms were adopted for psites prediction, the performance could still be improved. The existed approaches could be improved, e.g., GPS 2.0 [83] ; Different existed algorithms could be combined together, e.g., MetaPredPS [95] and NetPhorest [96] ; New algorithms could be developed, e.g., CRPhos 0.8 [89] . We and other researchers are still working on development of more efficient and accurate algorithms.
(4) Combining protein 3D structures and evolutionary information. Most of researchers believed that protein 3D information will be useful for p-sites prediction [26] [27] [28] 33] . However, the 3D structure information of proteins is still very limited compared to the huge number of proteins in the public databases. And structural computational is timeconsuming and slow-speed. The evolutionary information was also proposed to be useful for performance improvement, e.g., NetPhosK 1.0 [27] . However, this additional procedure will also slow down the prediction process. How to include 3D and evolutionary information without slowing down the prediction speed is still a great challenge.
(5) Construction of more organism-specific predictors. Prediction of p-sites in a species-specific mode will be more accurate than the non-specific manner, since different organisms might have different patterns in substrates for PKs modification. Currently, there were four organism-specific predictors developed ( Table 2 ). And we believe that more and more species-specific predictors will be released in the near future.
(6) Analysis of large-scale phosphoproteomic data. Recently, large-scale phosphoproteomic studies with highthroughput MS-based techniques have been widely carried out to generate a large number of p-sites. Usually, the cognate PKs for these p-sites were not known. In this regard, annotation of PK information for large-scale phosphoproteomic data will be helpful for further experimental consideration. Previously, we directly used GPS 2.0 to annotate PK information for ~12,000 non-specific p-sites in Phospho.ELM database [83] . Also, discovery of potential p-sites motifs from phosphoproteomic data is also helpful for prediction, e.g., Motif-X [97] and MoDL [99] . (7) Re-construction of phosphorylation pathways and networks. Systematically re-construction of potential phosphorylation pathways and networks will be useful for further experimental design. For example, Linding et al. developed a NetworKIN database and successfully discovered a highly potential phosphorylation network in H. sapiens [36, 37] ( Table 1) . Re-construction of phosphorylation networks beyond human will be a great challenge for computational researchers.
(8) From prediction to drug design. Aberrances of phosphorylation system are frequently involved in various diseases and cancers [105] . The deleterious variations, e.g., non-synonymous single nucleotide polymorphisms (SNPs) and somatic mutations in kinases or substrates could change their original functions and properties [62, 105] . Currently, it was estimated that ~20% of all potential drug targets are PKs [105] . In this regard, further computational studies on regulatory roles of phosphorylation will be helpful for drug design. For example, structural modeling analyses revealed the interacting mechanisms of CDK5 and its activators [106, 107] . If genetic variations occur at residues located in binding interface, they might disrupt the kinase-regulator interaction and rewire signaling pathways. Analogously, structural modeling of kinase-substrate interaction should also be carried out in the near future.
For other personal suggestions, we propose that the online services or downloadable packages should be prepared at least for academic usages. And either a phosphorylation database or a predictor should be designed in an easy-to-use manner. Finally, the version number should be added, if the database or software will be updated later. Again, we believe that computational studies together with experimental verifications will propel the phosphorylation research into a new phase.
